INTRODUCTION
Identification of gene regulatory networks (hereafter called gene networks) is essential for understanding cellular functions. Large-scale gene deletion projects (Liu et al., 1999; Winzeler et al., 1999; Hamer et al., 2001; Giaever et al., 2002) and DNA microarrays (Schena et al., 1995; Lockhart et al., 1996) have enabled large-scale gene expression profiles of gene deletion mutants (deletants); these large-scale profiles comprise the expression levels of thousands of genes measured in deletants of those genes. Hughes et al. (2000) reported gene expression profiles of more than 6300 genes corresponding to 265 single-gene deletants in Saccharomyces cerevisiae. Such profiles are invaluable sources for identifying gene networks.
Many procedures, such as those by Ideker et al. (2000) , Kyoda et al. (2000) , Pe'er et al. (2001) , and Wagner (2001) , infer gene networks from large-scale expression profiles of gene deletants. In these procedures, gene networks are modeled using various mathematical representations. Ideker et al. (2000) modeled gene networks as acyclic Boolean networks and inferred a network consistent with profiles by using a combinatorial optimization technique. Kyoda et al. (2000) modeled gene networks as signed directed graphs (SDGs) and deduced the most parsimonious graph consistent with profiles by using a graph theoretical procedure. Pe'er et al. (2001) modeled gene networks as Bayesian networks and inferred gene networks by using machine learning technology. Wagner (2001) modeled gene networks as directed acyclic graphs and deduced the most parsimonious graph consistent with profiles by using a graph theoretical procedure.
The SDG is a desirable representation of gene networks because it is the most common representation of gene networks in genetics and cell biology. In such graphs, a regulation between two genes is represented as a signed directed edge (SDE) whose sign-positive or negative-represents whether the effect of the regulation is activation or inhibition and whose direction represents which gene regulates which other gene. Because of the commonness of SDGs in genetics and cell biology, SDGs consistent with large-scale gene expression profiles will provide fruitful information for understanding cellular function; such graphs can be directly compared with gene networks identified through classical small-scale experiments and then can be interpreted in the same manner as those small-scale gene networks. Kyoda et al. (2000) previously developed the DBRF (difference-based regulation finding) method, which deduces the most parsimonious SDG consistent with the expression profiles of gene deletants. However, the method is not applicable to cyclic gene networks. This is the critical drawback of the DBRF method, because real gene networks contain many feedback regulations (Ferrell, 2002; Guelzim et al., 2002; Lee et al., 2002) . Therefore, an algorithm that is applicable to cyclic gene networks needed to be developed.
In this study, we developed the DBRF-MEGN (minimum equivalent gene network) method, an improved algorithm for deducing the most parsimonious SDG consistent with the expression profiles of gene deletants. This method is applicable not only to acyclic but also to cyclic gene networks. To show the applicability of this method, we applied it to large-scale expression profiles of S. cerevisiae . The method successfully deduced the most parsimonious SDG consistent with these profiles. To evaluate the validity of the method, we then compared the deduced graph with gene networks reported in the literature and interpreted this graph to predict the transcriptional targets and modulators of transcriptional activity of known transcriptional regulators.
METHODS

DBRF-MEGN method
Four key concepts of the DBRF-MEGN method are described here. The first two concepts, difference-based deduction of edges and removal of redundant edges, were already implemented in the DBRF method (Kyoda et al., 2000) . The last two, compensation for excess removal of edges by restoring a minimum number of non-essential edges and the use of independent groups, were originally developed for the DBRF-MEGN method and thus are improvements on the DBRF method.
The first concept is difference-based deduction of edges. The gene expression profiles of gene deletants consist of the expression levels of genes measured in deletants for each of these genes. To deduce the SDG that is consistent with these profiles, we used an assumption that is commonly used in genetics and cell biology as is done in the DBRF method (Kyoda et al., 2000) , i.e. there exists a positive (negative) regulation from gene A to gene B when the expression level of gene B in the deletant of gene A is lower (higher) than in the wild-type (Fig. 1A) . For each possible pair of genes, we determined whether positive (negative) regulations between those genes exist and deduced all SDEs consistent with both the stated assumption and the profiles; we call these edges 'initially deduced edges' (Fig. 1B) . This computation required n 2 iterations, where n represents the number of genes in the profiles.
The second concept is removal of redundant edges. The initially deduced edges consist not only of those representing direct gene regulations but also those representing indirect gene regulations. We define the regulation from gene A to gene B as direct when gene A regulates gene B independently of other gene regulations, e.g. a transcription factor A binds to upstream regulatory regions of gene B and increases the transcription of gene B. On the other hand, we define gene regulation as indirect when gene A regulates gene B as a result of other regulations, e.g. a transcription factor A increases the transcription of transcription factor C, which then increases the transcription of gene B. A desirable gene network consists only of direct gene regulations, because indirect regulations do not correspond to molecular mechanisms of gene regulation. To choose edges representing direct gene regulations from the initially deduced edges, all edges that are deductively explained by two other edges are removed (Fig. 1C) , as is done in the DBRF method (Kyoda et al., 2000) , because an indirect regulation is explained by direct regulations. To reduce the computational cost, we implemented this removal process by modifying Warshall's algorithm (Warshall, 1962) . The resulting algorithm required n 3 iterations.
The third concept is compensation for excess removal of edges by restoring a minimum number of non-essential edges. The edges chosen in the removal process, called 'essential edges', sometimes fail to explain the initially deduced edges. This is the problem of the DBRF method when it is applied to cyclic gene networks. Some edges represent direct gene regulations even when they are explained by two other edges (Fig. 1C) . Therefore, the removal process sometimes removes edges representing direct gene regulations, resulting in excess removal of edges (Fig. 1C) . It is difficult to know whether an edge represents direct or indirect gene regulation when the edge is explained by two other edges and when only expression profiles of single-gene deletants are available. Therefore, instead of looking for edges representing direct regulations among the removed edges (hereafter we call the removed edges 'non-essential edges'), the DBRF-MEGN method compensates for excessively removed edges by restoring a minimum number of non-essential edges so that the resulting edges (essential edges and the minimum number of non-essential edges) can explain the initially deduced edges (Fig. 1D) . Often, several sets of such non-essential edges exist, and the DBRF-MEGN method deduces all sets. The resulting graphs are the most parsimonious SDGs consistent with given profiles and are called 'the minimum equivalent gene networks' (MEGNs) of the profiles.
The fourth concept is the use of independent groups. The computation of the described process of deducing MEGNs is bounded by n 3 m
, where m is the number of non-essential edges to be restored, I is the number of initially deduced edges and E is the number of essential edges. This computation is impractical, however, because (I −E) C m increases rapidly as I − E and/or m increase. To reduce the computational cost, non-essential edges are separated into 'independent groups' so that edges to be restored can be deduced independently for each group (Fig. 1E) . Edges that are not explained by essential edges are chosen from nonessential edges, and these edges are divided into independent groups so that the edges in one group do not explain those in other groups. For each group, the minimum number of edges with which essential edges can explain all edges in the group are deduced. All sets of such edges are deduced for each group, and all possible combinations of these sets are computed to generate the MEGNs of the profiles. The computation is bounded by
where G is the number of groups, R j is the number of edges in group j , n j is the number of genes in group j and m j is the number of edges to be restored in group j .
A detailed description of the algorithm of the DBRF-MEGN method is included in the Supplementary information. Software implementation of this algorithm can be obtained from the authors on request.
RESULTS
Applicability to large-scale expression profiles obtained for real organisms
To evaluate the applicability of the DBRF-MEGN method, we applied it to a subset of large-scale expression profiles obtained for S. cerevisiae . The set of profiles comprises expression levels of 265 genes measured in 265 gene deletants corresponding to those genes (see Supplementary information). Each expression level accompanies a P -value, which corresponds to the significance of the difference from the expression level in the wild-type . We considered that the expression level in the deletant is increased (decreased) when the level significantly differed from that in wild-type at P ≤ 0.01, which is the same P -value used by Hughes et al. (2000) . With this P -value threshold, the DBRF-MEGN method deduced 829 initially deduced edges and 675 essential edges (see Supplementary information). These essential edges deductively explained the initially deduced edges. Therefore, the method deduced a unique MEGN of the profiles, and this MEGN consisted only of those essential edges (Supplementary Figure S1 is a graphical representation of the MEGN).
The computation took ∼0.02 s on an Intel Pentium 4 PC (2.8 GHz, 1 GB RAM).
The application we just described was a case in which essential edges deductively explained initially deduced edges. To evaluate the applicability when essential edges fail to explain initially deduced edges, we increased the number of initially deduced edges by increasing the P -value threshold from 0.01 to 0.05. Essential edges failed to explain initially deduced edges when the threshold was 0.03 and 0.05. In these two cases, the DBRF-MEGN method successfully deduced 2 and 16 384 MEGNs, respectively (see Supplementary information), and the computation took ∼0.02 and 0.75 s, respectively. These results show the applicability of the DBRF-MEGN method to actual large-scale expression profiles.
Validity of gene networks deduced by the DBRF-MEGN method: pheromone response pathway
The pheromone response pathway is one of the best characterized cellular cascades in S. cerevisiae. The 265 genes of the expression profiles we used include most genes of this pathway. Therefore, to evaluate the validity of the DBRF-MEGN method, we first compared the MEGN deduced from the expression profiles for the 265 S. cerevisiae genes with the known gene network in this pathway reported in the literature (Fig. 2) .
First, we focused on transcriptional regulations by Ste12p, which is the central transcription factor in the pheromone response pathway. Because the expression profiles applied to the DBRF-MEGN method were a collection of mRNA levels in gene deletants, an edge directing from STE12 was expected to represent a transcriptional regulation by Ste12p. Among the 265 genes in the profiles, 6 genes are transcriptional targets of Ste12p ( Fig. 2A ) (Errede and Ammerer, 1989; Sprague and Thorner, 1992; Oehlen et al., 1996; Oehlen and Cross, 1998; Ren et al., 2000; Roberts et al., 2000) . The method cannot deduce self-regulations because of its assumption ( Fig. 1A for a schematic of this assumption). Therefore, five positive edges directing from STE12 to FAR1, FUS3, SST2, STE2 and TEC1 were expected to be deduced (Fig. 2B ). As expected, the method deduced five edges directing from STE12, all five of which were positive edges directing to each of those five genes (Fig. 2C) .
Next, we focused on the post-transcriptional regulation cascade that regulates Ste12p activity. Deletion of a single gene in this cascade increases (decreases) Ste12p activity, which then increases (decreases) the STE12 mRNA level because Ste12p self-increases its own transcription (Ren et al., 2000) . The applied expression profiles were a collection of mRNA levels in gene deletants. Therefore, an edge directing from a gene to STE12 was expected to indicate the existence of a post-transcriptional regulation cascade from this gene to Ste12p, unless the gene is a transcriptional regulator. Among the 265 genes, 11 are involved in the (Errede and Ammerer, 1989; Sprague and Thorner, 1992; Oehlen et al., 1996; Tedford et al., 1997; Oehlen and Cross, 1998; Ren et al., 2000; Roberts et al., 2000; Elion, 2001) . (B) Expected edges in the pheromone response pathway. Five edges from STE12 to transcriptional targets (red edges) and five edges from post-transcriptional regulators to STE12 (green edges) were expected. Six edges from post-transcriptional regulators to STE12 (dotted green edges) were not expected because of the experimental conditions or the redundancy of gene regulation. (C) The MEGN in the pheromone response pathway. Five expected edges from STE12 (red edges), five expected edges to STE12 (green edges) and two unexpected edges (blue edges) were deduced. post-transcriptional regulation cascade that regulates Ste12p activity ( Fig. 2A) (Tedford et al., 1997; Roberts et al., 2000; Elion, 2001) . However, deletion of 6 of those 11 genes was not expected to affect the STE12 mRNA level for the following three reasons. First, STE2 encodes the receptor for α-factor (Jenness et al., 1983) ; the receptor would not be activated in any of the experiments in which gene expression profiles were measured because MATa cells, which do not secrete α-factor (Herskowitz et al., 1992) , were used in these experiments. Second, deletion of STE20 does not completely block pheromone-induced Ste12p activation, suggesting unidentified pathways that bypass Ste20p activity (Ramer and Davis, 1993) . Third, FUS3 and KSS1 (Elion et al., 1991) and DIG1 and DIG2 (Tedford et al., 1997) are functionally redundant. Therefore, five positive edges directing to STE12 from STE4, STE5, STE7, STE11 and STE18 were expected to be deduced by the DBRF-MEGN method ( Fig 2B) . As expected, the method deduced five edges directing to STE12, all five of which were positive edges directed from each of those five genes (Fig. 2C) . These results show the validity of the DBRF-MEGN method.
In addition to the 10 edges just described, the DBRF-MEGN method deduced 2 unexpected edges (STE20 to STE2 and DIG1 to SST2) in this pathway.
Validity of gene networks deduced by the DBRF-MEGN method: general amino acid control system
The general amino acid control system is a cross-pathway regulatory system that regulates many genes encoding amino acid biosynthesis enzymes and increases their expression under conditions of amino acid starvation in S. cerevisiae. We next evaluated the validity of the DBRF-MEGN method in this system. First, we focused on transcriptional regulations by Gcn4p, which is the central transcriptional regulator in the general amino acid control system. Gcn4p is required for full induction of 539 genes in response to histidine starvation, suggesting transcriptional regulation of these genes by Gcn4p (Natarajan et al., 2001) . Similar to that of the transcriptional regulations by Ste12p, an edge directing from GCN4 is expected to represent a transcriptional regulation by Gcn4p (see the second paragraph of the previous section). The DBRF-MEGN method deduced two edges directing from GCN4. Consistent with the expectation, these two edges were positive edges directing to one of the suggested 539 transcriptional targets of Gcn4p (GCN4 to ALD5 and GCN4 to HIS1). Although the 265 genes in the profiles involve 18 of those 539 transcriptional targets, the method deduced only two edges directing from GCN4 to those targets. However, this finding does not indicate low sensitivity of the method, because Gcn4p is not always required for the basal expression of genes whose induction in response to amino acid starvation depends on Gcn4p (Pellman et al., 1990; Hinnebusch et al., 1992) .
Next, we focused on modulations of Gcn4p activity. Deletion of a gene that encodes a modulator of Gcn4p activity increases (decreases) Gcn4p activity, which then increases (decreases) the mRNA level of transcriptional targets of Gcn4p. As described in the previous paragraph, ALD5 and HIS1 are putative transcriptional targets of Gcn4p. Therefore, we expected an edge directing from a gene to ALD5 or HIS1 to indicate the existence of modulation of Gcn4p activity by this gene unless the gene is a transcriptional regulator. The 265 genes in the profiles include 12 genes (CKA2, CKB2, MED2, RAD6, RPL12A, RPL20A, RPL27A, RPL6B, RPL8A, RPS24A, RTS1 and UBR1) that encode modulators of Gcn4p activity (Feng et al., 1994; Kornitzer et al., 1994; van den Heuvel et al., 1995; Hinnebusch, 1997; Planta and Mager, 1998; Myers et al., 1999; Cherkasova and Hinnebusch, 2003; Wang and Jiang, 2003; Mewes et al., 2004) . We found 19 genes (ADE2, ASE1, CKB2, ERG2, FKS1, IMP2', MED2, RML2, RPL27A, RPS24A, RTG1, RTS1, SIR4, SOD1, UBR1, VPS8, YHL029C, YMR014W and YMR293C) from which edges deduced by the DBRF-MEGN method directed to either ALD5 or HIS1 or both. Consistent with the expectation, these 19 genes included 6 (CKB2, MED2, RPL27A, RPS24A, RTS1 and UBR1) that encode modulators of Gcn4p activity. Three of these six genes (CKB2, RTS1 and UBR1) have edges directing to both ALD5 and HIS1, whereas the remaining three have a single edge directing to either ALD5 or HIS1 (MED2 and RPS24A to ALD5, and RPL27A to HIS1), suggesting modulation of specific gene transcription or crosstalk among modulators of different transcriptional regulators.
As just described, the 265 genes in the profiles included 12 genes encoding modulators of Gcn4p activity, and edges directing to ALD5 or HIS1 were deduced from 6 of those 12 genes. Deletion of the remaining six genes (CKA2, RAD6, RPL12A, RPL20A, RPL6B and RPL8A) was expected not to affect the mRNA levels of ALD5 and HIS1 for the following reasons. CKA2 is functionally redundant to CKA1 (Padmanabha et al., 1990) . RPL12A, RPL20A, RPL6B and RPL8A encode ribosomal proteins, many of which are duplicated in S. cerevisiae (Planta and Mager, 1998; Hughes et al., 2000) . Absence of RAD6, which encodes a specific ubiquitin conjugating enzyme required for Gcn4p degradation, mildly inhibits Gcn4p degradation (Kornitzer et al., 1994) . Among the 19 genes from which edges directed to either ALD5 or HIS1 or both, 13 (ADE2, ASE1, ERG2, FKS1, IMP2 , RML2, RTG1, SIR4, SOD1, VPS8, YHL029C, YMR014W and YMR293C) do not encode known modulators of Gcn4p activity. However, this finding does not indicate low specificity of the deduction by the DBRF-MEGN method, because activity of cellular processes involving these genes may influence Gcn4p activity. For example, IMP2 is involved in carbohydrate metabolism, and glucose limitation stimulates translation of Gcn4p (Donnini et al., 1992; Yang et al., 2000) . These results support the validity of the DBRF-MEGN method.
Validity of gene networks deduced by the DBRF-MEGN method: copper and iron homeostasis system
To evaluate the validity of the DBRF-MEGN method in the copper and iron homeostasis system, we first focused on transcriptional regulations by Mac1p and Aft1p, both of which play key roles in this system. An edge directing from MAC1 was expected to represent either a direct transcriptional regulation by Mac1p or an indirect transcriptional regulation by Mac1p through Aft1p for the following two reasons. First, the absence of MAC1 increases the expression of AFT1 and its transcriptional targets (De Freitas et al., 2004) . Second, the 265 genes in the profiles include MAC1 but not AFT1. Among the 265 genes in the profiles, 3 (ERG3, FRE6 and MNN1) are transcriptionally regulated by Mac1p (Georgatsou and Alexandraki, 1999; De Freitas et al., 2004) and 2 (ERG3 and FRE6) are transcriptionally regulated by Aft1p (Martins et al., 1998; Rutherford et al., 2003) . The DBRF-MEGN method deduced two edges directing from MAC1. Consistent with the expectation, these two edges were negative edges directing to ERG3 and FRE6. The edge directing from MAC1 to MNN1 was deduced when the P -value threshold was set to 0.02, which is consistent with the imperfect reproducibility of the reduction of MNN1 expression in mac1 cells (De Freitas et al., 2004) .
Next, we focused on modulations of Mac1p and Aft1p activities. As described in the previous paragraph, ERG3 and FRE6 are transcriptionally regulated by Mac1p and Aft1p. Therefore, we expected that an edge directing from a gene to ERG3 or FRE6 would indicate the existence of a modulation of Mac1p or Aft1p by this gene unless the gene is a transcriptional regulator, similar to the situation involving modulators of Gcn4p activity (see the third paragraph of the previous section). Genes crucial for vacuolar functions are involved in modulations of Mac1p and Aft1p activities, whereas those crucial for mitochondrial functions are involved in modulations of Aft1p for the following two reasons. First, Mac1p activity is downregulated by its direct binding to copper ions , whereas Aft1p activity is regulated by its nuclear localization in response to cellular iron status (Yamaguchi-Iwai et al., 2002) . Second, vacuoles are crucial for copper and iron homeostasis, whereas mitochondria are crucial for iron homeostasis (De Freitas et al., 2003) . We found 13 genes (AEP2, AFG3, CUP5, ERG2, ERG28, MRPL33, RML2, RSM18, SSN6, VMA8, YEL044W, from which edges deduced by the DBRF-MEGN method directed to either ERG3 or FRE6 or both. Consistent with the above expectation, these 13 genes included 8 that are crucial for either vacuolar (CUP5 and VMA8) or mitochondrial (AFG3, AEP2, MRPL33, RML2, RSM18 and YMR293C) functions (Kang et al., 1991; Finnegan et al., 1995; Paul and , and RAD6 to ALD5 and HIS1) were excluded because these regulations were not expected to be deduced (Padmanabha et al., 1990; Kornitzer et al., 1994) . All edges that were included in at least one MEGN were used in calculating sensitivity and specificity for T = 0.03 and 0.05. Note that sensitivity for the general amino acid control system was underestimated because all gene regulations of the silver standard are not necessarily expected to be deduced (see the section Validity of gene networks deduced by the DBRF-MEGN method: general amino acid control system). Specificity for the general amino acid control system was also underestimated because of the possible existence of uncharacterized gene regulations. T , P -value threshold and IDE, initially deduced edges.
Tzagoloff, 1995; Arlt et al., 1996; Pan and Mason, 1997; Forgac, 1999; Hughes et al., 2000) . For the remaining five genes, the method deduced five edges directing to ERG3 or FRE6 (ERG2 to ERG3, ERG28 to ERG3, SSN6 to ERG3, YEL044W to FRE6 and YMR031W-A to FRE6). Two of these five edges are consistent with the previously reported gene regulations, although it is unknown whether Mac1p or Aft1p play roles in these regulations (ERG2 to ERG3 and SSN6 to ERG3; Arthington-Skaggs et al., 1996; Vik and Rine, 2001; Kwast et al., 2002) . It is possible that those edges represent modulations of other transcriptional regulators than Mac1p and Aft1p because the 265 genes in the profiles do not involve all transcriptional regulators. The remaining three edges directed from recently characterized genes with little information (ERG28; Hughes et al., 2000) or from uncharacterized open reading frames (YEL044W, YMR031W-A). These results again support the validity of the DBRF-MEGN method.
Optimal P -value threshold for the DBRF-MEGN method
To determine the optimal P -value threshold for the DBRF-MEGN method, we examined the sensitivity and specificity of the method at various P -value thresholds (Table 1) . For calculating the sensitivity and specificity, the 10 gene regulations that were expected to be deduced in the pheromone response pathway were used as the 'gold standard' (see the section Validity of gene networks deduced by the DBRF-MEGN method: pheromone response pathway). The 38 gene regulations in the general amino acid control system were used as the 'silver standard', because those regulations were not necessarily expected to be deduced (see the section Validity of gene networks deduced by the DBRF-MEGN method: general amino acid control system). As expected, sensitivity increased as the threshold increased. For the pheromone response pathway, sensitivity was highest when the threshold was between 0.01 and 0.03. Interestingly, a decrease in sensitivity was observed as the threshold increased to ≥0.03. This decrease is a result of the removal of true-positive edges that are explained by two false-positive edges and those that are explained by a combination of false-positive and true-positive edges during the process removal of redundant edges, indicating that increased thresholds (≥0.03) do not provide the highest sensitivity because of the increased number of false-positive edges. In contrast, specificity decreased as the threshold increased. Noteworthily, decreased thresholds (≤0.005) did not provide the highest specificity because the number of deduced edges was too small for efficient removal of false-positive edges during the process removal of redundant edges. In light of these results, we concluded that 0.01 is an optimal threshold that provides a good balance of sensitivity and specificity.
Prediction of transcriptional targets and modulators of transcriptional activity from MEGNs
As described in the previous three sections, the DBRF-MEGN method successfully deduced expected edges directing from Ste12p, Gcn4p and Mac1p to their transcriptional targets, those directing from its modulators (post-transcriptional regulators) to Ste12p, and those directing from their modulators to transcriptional targets of Gcn4p and Mac1p. These successful deductions suggest that transcriptional targets and modulators of a given transcriptional regulator can be predicted from MEGNs by interpreting edges directing from the transcriptional regulator and those directing to the regulator or its transcriptional targets. We examined such possible predictions as follows. First, we considered the transcriptional targets of a given transcriptional regulator. An edge is expected to represent a transcriptional regulation by the transcriptional regulator when it directs from this regulator (Fig. 3) , as was discussed for the transcriptional regulations by Ste12p (see the second paragraph of the section Validity of gene networks deduced by the DBRF-MEGN method: pheromone response pathway). Therefore, a gene is predicted to be a transcriptional target of a given transcriptional regulator when an edge directs from this regulator to the gene.
Next, we considered modulators of transcriptional activity of a given transcriptional regulator. In this case, two alternative prediction schemes (schematically represented in Fig 3A and B for prediction of modulators of transcriptional activity) should be used, depending on whether the given regulator selfregulates its own transcription or not. In the first alternative scheme, when the regulator self-regulates its transcription, deletion of a gene that encodes a modulator of the activity of this regulator increases (decreases) the mRNA level of this regulator, as was discussed for the post-transcriptional regulation cascade of Ste12p (see the third paragraph of the section Validity of gene networks deduced by the DBRF-MEGN method: pheromone response pathway). Therefore, a gene is predicted to be a modulator of transcriptional activity of a given transcriptional regulator when an edge directs from the gene to the given regulator (Fig. 3A) .
In the second alternative scheme, when the given transcriptional regulator does not self-regulate its own transcription, deletion of a gene that encodes a modulator of the activity of this regulator is expected not to influence the mRNA level of this regulator. Such deletion increases (decreases) the activity of this regulator, which then increases (decreases) the mRNA level of its transcriptional targets, as was discussed for the modulations of Gcn4p activity (see the third paragraph of the section Validity of gene networks deduced by the DBRF-MEGN method: general amino acid control system). Therefore, a gene is predicted to be a modulator of the activity of a given transcriptional regulator when an edge directs from the gene to transcriptional targets of this regulator (Fig. 3B) .
Of the 265 genes in the profiles, 18 are listed as 'transcriptional regulators' in the Saccharomyces Genome Database (Cherry et al., 1998 ; see gene list in Supplementary information). Based on the above two schemes for transcriptional targets and modulators of transcriptional activity, we predicted transcriptional targets and modulators of transcriptional activity of those 18 genes from the MEGN deduced by the DBRF-MEGN method from the expression profiles of the 265 S. cerevisiae genes (Table 2) . Nearly half (132) of the 265 genes were thus predicted as transcriptional targets or modulators of transcriptional activity or both.
An important feature of a gene regulatory network is crosstalk between cellular processes (Schwikowski et al., 2000; Hinnebusch and Natarajan, 2002; Brun et al., 2003; Pawson and Nash, 2003) . Because of crosstalk, it is expected that the activity of a single transcriptional regulator is modulated by genes involved in diverse cellular processes and that genes involved in a single cellular process modulate the activity of several different transcriptional regulators. To confirm the capability of our prediction schemes to predict such crosstalk-dependent modulations, we compared modulators predicted by our schemes with gene clusters generated by hierarchical clustering using the full set of profiles in the Rosetta Compendium ; genes belonging to the same cluster are likely to function in the same cellular process (Eisen et al., 1998) . As expected, the predicted modulators of most transcriptional regulators involved genes belonging to several different clusters, and genes belonging to the same cluster were involved in the modulators of several different transcriptional regulators ( Table 2 ). The results indicate that our prediction scheme can predict modulators that modulate activity of transcriptional regulators through crosstalk of cellular processes.
DISCUSSION
We developed the DBRF-MEGN method, an algorithm for deducing the most parsimonious SDGs consistent with largescale expression profiles of gene deletants. One key feature of this method is compensation for excessively removed edges by restoring a minimum number of non-essential edges. This makes the method applicable not only to acyclic gene networks but also to cyclic gene networks. Our previous method, the DBRF method, fails to deduce the most parsimonious SDG when the target network is cyclic (Kyoda et al., 2000) . This prevents the DBRF method from being widely used in the analysis of large-scale gene expression profiles, because real gene networks contain many feedback loops (Ferrell, 2002; Guelzim et al., 2002; Lee et al., 2002) . The applicability of the DBRF-MEGN method to cyclic gene networks most probably will greatly improve the effectiveness of large-scale gene expression profiles.
Another key feature of the DBRF-MEGN method is the implementation of independent groups of non-essential edges. This feature makes the method applicable to large-scale gene expression profiles by greatly reducing the computational cost of the process that deduces the minimum number of non-essential edges for the compensation. The method successfully deduced MEGNs from the large-scale expression profiles of 265 genes in 0.75 s, even when 16 384 different MEGNs exist. Without implementation of independent groups, such a deduction would take 3.8×10 15 years to obtain the same results. Despite the great reduction in computational cost by the use of independent groups, there is no guarantee that the method will deduce MEGNs from any given expression profiles in an acceptable time. The cost depends on the maximum number of edges among all independent groups, and this number corresponds to the modularity of the gene network. Gene networks are predicted to be highly modulated (Hartwell et al., 1999; Ravasz et al., 2002; Rives and Galitski, 2003) . Therefore, the DBRF-MEGN method most probably deduce MEGNs from most sets of expression profiles in an acceptable time.
A major advantage of the DBRF-MEGN method is the representation of gene networks. A gene network deduced by this method is represented by SDG, the most common representation of gene networks in genetics and cell biology. This commonness allows the deduced gene networks to be compared with those identified through classical smallscale experiments and to be interpreted in the same way as those small-scale gene networks. We compared the pheromone response pathway, general amino acid control system, and copper and iron homeostasis system deduced by the DBRF-MEGN method with those reported in the literature, and found that the transcription targets and modulators of transcriptional activity of 18 transcriptional regulators were predicted from the MEGN of the expression profiles of 265 gene deletants. MEGNs probably will provide effective links between large-and small-scale gene network analyses and will provide important clues to understanding cellular function.
Another advantage of the DBRF-MEGN method is the removal of redundant edges. The method removes as many non-essential edges as possible from the initially deduced edges. This makes the deduced graph simpler and more directly represent molecular mechanisms of gene networks. By the DBRF-MEGN method, ∼20% of edges (154 of 829) were removed from the initially deduced edges deduced from S. cerevisiae gene expression profiles. In the pheromone response pathway, ∼65% of edges (23 out of 35) were removed. All these removed edges represent indirect regulations from post-transcriptional gene regulators to transcriptional targets of Ste12p. Therefore, removal of these edges simplified interpretation of the MEGN in the pheromone response pathway.
The DBRF-MEGN method has wider applicability and higher performance than either the predictor method (Ideker et al., 2000) or Pe'er et al.'s method (Pe'er et al., 2001) or Wagner's method (Wagner, 2001) . The predictor method (Ideker et al., 2000) is applicable only to acyclic gene networks, and its performance is lower than that of the DBRF method because of the Boolean modeling of gene networks in the predictor method (Kyoda et al., 2000) . The DBRF-MEGN method is applicable to both acyclic and cyclic gene networks and is an improvement over the DBRF method. Pe'er et al.'s method estimates a Bayesian network that models gene networks, whereas the DBRF-MEGN method computes the 
A total of 18 transcriptional regulators that are both listed as 'transcriptional regulators' in the Saccharomyces Genome Database (Cherry et al., 1998) and included in the 265 genes in the profiles were analyzed (see gene list in Supplementary information). Transcriptional targets and modulators of transcriptional activity of these 18 transcriptional regulators were predicted from the MEGN deduced from the expression profiles of 265 S. cerevisiae gene deletants based on the two prediction schemes shown in Figure 3 . All predicted transcriptional targets and modulators of transcriptional activity are shown. Gene clusters reported by Hughes et al. (2000) are represented by different colors: mitochondrial function (yellow), cell wall (brown), protein synthesis (sky blue), ergosterol biosynthesis (orange), mating (violet), MAPK activation (turquoise), rnr1 HU (red), histone deacetylase (blue), isw (purple), vacuolar ATPase/iron regulation (bright pink), sir (grey), tup1 ssn6 (light green), Gcn4 down (green) and Gcn4 up (bright green). * Indicates the positive (P) or negative (N) effect of transcriptional regulation or modulation of transcriptional activity.
exact solution of the most parsimonious SDG that is consistent with expression profiles. Pe'er et al.'s method failed to infer all gene regulations relating to STE12 (Pe'er et al., 2001) , whereas the DBRF-MEGN method deduced 10 such regulations from the same expression profiles. Gene networks deduced by the Wagner's method (Wagner, 2001 ) have less information than those deduced by the DBRF-MEGN method. An edge deduced by Wagner's method represents the direction of gene regulation but lacks information about whether the regulation is activation or inhibition, whereas an edge deduced by the DBRF-MEGN method has all this information. Wagner's method avoids deducing the cycle structures of gene networks, whereas the DBRF-MEGN method deduces all candidates of such structures. Therefore, we conclude that the DBRF-MEGN method is better than all three of these methods. The success of gene network deduction by the DBRF-MEGN method depends on the experimental conditions under which the expression profiles were obtained. The expression profiles used in the present study were obtained from asynchronous culture of deletant strains . Therefore, the method could not deduce cell-cycle-specific gene regulations, such as MBP1 to CLB6 (Koch et al., 1993) and SWI6 to CLB6 (Dirick et al., 1998) . The method also could not deduce diploid-or haploid-specific gene regulations, such as TUP1 to STE5 (Mukai et al., 1993) and SIN3 to STE2 (Vidal et al., 1991) , because some profiles were obtained in diploid cells and others were obtained in haploid cells. To deduce these types of regulations, expression profiles would need to be obtained through more controlled experiments, such as inactivation of gene function at a specific period of the cell cycle in synchronized culture and measurement of all the expression profiles in either diploid or haploid cells. Improvements in technologies that more accurately control experiments, such as real-time monitoring of the cell cycle and drug-induced rapid inactivation of gene function, will increase the effectiveness of the DBRF-MEGN method.
A major drawback of the DBRF-MEGN method is its inability to deduce redundant gene regulations. The method deduces a gene regulation only when deletion of a single gene affects the expression level of another gene. Therefore, when two or more genes redundantly regulate a gene, the method cannot deduce any of these regulations. In the pheromone response pathway, the method could not deduce five redundant regulations from STE20, FUS3, KSS1, DIG1 and DIG2 to STE12. Importantly, this is not a drawback of our algorithm but of the expression profiles of single-gene deletants. One possible solution is to generate expression profiles of multiple gene deletants, although such generation might entail enormous experimental costs. We are now developing an algorithm applicable to such expression profiles.
Transcriptional targets and modulators of transcriptional activity of given transcriptional regulators can be predicted from MEGNs. This prediction is an example of the interpretation of MEGNs. In this prediction, nearly half of the 265 S. cerevisiae genes were predicted as transcriptional targets or modulators of transcriptional activity or both. The remaining genes likely are transcriptional targets or modulators of transcriptional activity of transcriptional regulators that are not included in the 265 genes. In the pheromone response pathway, the DBRF-MEGN method deduced two unexpected edges, STE20 to STE2 and DIG1 to SST2. In light of the prediction schemes described in the previous section, Ste20p is predicted to be a modulator of the transcriptional activity of some transcriptional regulator that is not included in the 265 genes and that regulates the transcription of STE2. Similarly, Dig1p is predicted to be a modulator of the transcriptional activity of some transcriptional regulator that is not included in the 265 genes and that regulates the transcription of SST2. One possible approach to predicting the functions of those remaining genes is to generate MEGNs from the expression profiles of all the S. cerevisiae genes. Giaever et al. (2002) generated single deletants of almost all S. cerevisiae genes; the expression profiles of all those deletants are highly anticipated.
Many direct gene regulations are represented in MEGNs but not in the most parsimonious unsigned directed graphs consistent with expression profiles. The redundancy of edges is determined by both accessibility and effect of three edges in the DBRF-MEGN method, whereas it is determined only by accessibility when the most parsimonious unsigned directed graph is deduced. Therefore, a gene regulation whose accessibility is explained by two other regulations but whose effect is not explained is represented in the MEGN but not in the most parsimonious unsigned directed graph (e.g. regulation from gene h to gene a in Fig. 1B ). Approximately 15% of edges (104 out of 675) in MEGN deduced from S. cerevisiae expression profiles represent such regulations. Regulation from STE12 to FUS3 is one such regulation. Maki et al. (2001) proposed a combination approach, in which the most parsimonious unsigned directed graph is deduced from the expression profiles of gene deletants and then functions of its edges are inferred from time-series expression profiles. Integration of the DBRF-MEGN method probablywill improve the performance of such combination approaches.
Large-scale gene expression profiles of gene deletants are invaluable sources for understanding cellular functions. Clustering has been the only method widely used in the analysis of these profiles. Although clustering can predict cellular processes that involve the target gene, it provides no overt information about the gene regulations, which make up gene networks. The DBRF-MEGN method deduces gene regulations from large-scale expression profiles of gene deletants. The method is applicable not only to expression profiles measured by using DNA microarrays but also to those measured by using other technologies, such as 2D-PAGE-MS (Gygi et al., 1999) and protein chips (Zhu et al., 2000) . The DBRF-MEGN method will provide fruitful information for understanding cellular functions.
